This study examines scatterometer-observed surface wind divergence and vorticity, along with precipitable water (PW), across the life cycle of tropical maritime mesoscale convective systems (MCSs) as resolved in 0.5°data. Simple composites were constructed around first appearances of cold (Ͻ210 K) cloud tops in infrared (IR) data at 3-hourly resolution. Many thousands of such events from the tropical IndoPacific in 2000 were used. Composites of subpopulations were also constructed by subdividing the dataset according to IR event size and duration, as well as by prevailing values of PW and vorticity at a 5°scale.
Introduction
Mesoscale convective systems (MCSs; Houze (2004) ) produce much of the earth's rainfall, linking hydrologic and energy cycles that shape the atmosphere's general circulation. The many-hour life cycle of these cloudy disturbances is not thoroughly understood, especially over the oceans where the diurnal cycle of surface flux is not a dominant forcing. Observing the full life cyclefrom precursors to initiation to maturity to decay and aftereffects-is especially hard over the oceans because the time scale is too short to resolve with cloud-penetrating satellite instruments on polar orbiters, yet it is long enough that systems move in or out of range of ship-based field observations. Aircraft cannot be targeted to initiation events because these are not well forecast, and flight durations also tend to fall short of the full life span.
Composite studies offer a way to extend the frequent sampling of infrared (IR) imagery to other observations that are taken less frequently. Of course, this time resolution in composite space is gained at the expense of averaging over many events, thereby smearing or scrambling unique aspects of each case and perhaps even key systematic features if these are not tightly tied to IR cloud top signatures. Prescreening can be used to increase the similarity among events averaged, but then the smaller number of events in a category leads to a noisier composite structure. These familiar compromises are inescapable in the absence of high-quality data that can both cover and resolve individual events.
Composite studies of tropical MCSs have a long his-tory (e.g., Frank 1978) . Recent works include both composites of outer or ambient conditions like soundings (Sherwood and Wahrlich 1999) and internal cloud and precipitation structure using polar orbiter data (Futyan and Del Genio 2007) . In many of these studies, complex definitions of life cycle stages are used to fix composite categories to respect the broad distribution of MCS lifetimes. This paper describes a simpler effort, using space-time composites around single points in spacetime (events), as a pilot study of the feasibility of current and possible future scatterometer wind data for studies of maritime convection.
Data and methods
The IR data used here are from the Cloud Archive User Services (CLAUS) 0.5°, 3-hourly global dataset that is stitched together from multiple satellite datasets (Robinson 2002) . We focused on year 2000 to overlap with a gridded scatterometer dataset for surface winds to be described below. The CLAUS data are the reference data for the composites. Connected regions of cold (T B Ͻ 210 K) cloud top in 3D (latitude-longitudetime) space were identified, based on the definition that connected cells must share a common edge or face, not merely touch at a corner. This is simpler than cloud tracking methods used in many other studies, but the low resolution of these IR data do not warrant more elaborate treatments. The only parameters are the temperature threshold and the 0.5°data resolution.
The earliest time within each space-time region of cold cloud top is called an initiation event. With the centroid of cold cloud area at that time as the spatial reference point, simple space-time composites were constructed relative to these initiation events. For each case, a 10°ϫ 10°spatial window and 48-h time window centered on the initiation event were extracted from regional 1-yr datasets. Initiations too close to land or too close to a space-time boundary of the dataset to obtain this full 10°ϫ 48 h window were discarded. In one year of data, over 40 000 such cold cloud systems were identified in the region 50°-180°E, 23.5°N-23.5°S, where our surface wind product is available.
Scatterometer-based surface wind data used here were taken from a gridded dataset covering the tropical Indian and western Pacific Oceans (Hoar et al. 2003) . The appendix describes this complex data product and the details of our approach to its use. For the present discussion, the key points are that the data cover the ocean area bounded by 50°E and the date line, from 23.5°S to 23.5°N, on an 0.5°grid every 6 h. In this pilot study we used only calendar year 2000. The fields used here are vorticity and divergence, carefully masked so that the data regions used come from scatterometer swaths. The divergence and Stokes theorems guarantee that scatterometer wind errors due to rain contamination will result in dipoles in these kinematic fields, which will tend to vanish with averaging as long as the winds around the perimeter of the composite region (far from the central rainy region) are not systematically biased.
Precipitable water vapor data used here are from a 6-hourly, 0.25°multisatellite dataset obtained from Remote Sensing Systems (available at http://www. discover-earth.org/). Values were rebinned to 0.5°for convenience, discarding points with any land contamination based on the land mask in the original 0.25°set. These grids, like vorticity and divergence, have swath gaps, but missing data are simply excluded from composite averages.
Composites are built from 3D (latitude-longitudetime) data cubes centered around the cold cloud initiation events, extending Ϯ5°in space and 48 h in time. Valid data were summed and the number of valid values at each point in the composite domain was tallied; then the sum array was divided by the tally array to derive the composite. Because the precipitable water (PW), vorticity, and divergence data are 6-hourly, whereas the IR data are 3-hourly, the cases entering the lag 0, 6, 12, . . . hour lag bins are completely separate from those in the Ϫ3, 3, 9, . . . bins. The temporal continuity of results thus serves as a convenient indicator of statistical robustness. A mild sawtooth structure in the time series figures below indicates that our composite sample sizes of a few hundred cases are adequate, but they are not so large as to invite much finer subsetting than is offered here.
To make the averaging of Northern and Southern Hemisphere data more sensible, the latitude axis of southern systems is flipped so the vertical direction on the page is poleward rather than northward for all fields. In addition, the sign of vorticity is flipped for Southern Hemisphere events, so positive vorticity really means cyclonic.
Size distributions of cold cloud systems
The cold cloud systems studied here occurred throughout the Indo-Pacific region (Fig. 1) . Small systems dominate the statistics, with many consisting of just one cold pixel at a single time. Eliminating systems whose average size (space-time pixel count divided by the number of time levels) is less than two pixels divides the event database roughly in half. For the larger (Ͼ2 pixel) subset, the distributions of event duration and average spatial size are shown in Fig. 2 . Within this sample, again the smallest and shortest-lived systems are most numerous. Weighting each cloud event by its total space-time cold cloud cover increases the contribution of the larger systems, but even in that measure the smallest size and duration bins contribute the most cold cloudiness (not shown).
Environmental characterization by PW and vorticity
To discriminate MCSs within tropical disturbances and cyclones (broadly defined) from more gardenvariety specimens, we define a 5°scale rotation measure associated with each cloud system: circulation, i.e., the absolute value of relative vorticity averaged over a 5°ϫ 5°region centered around the initiation location. Because the scatterometer swath availability is so intermittent, we take the maximum value of this quantity at any time within the 48-h time window. Similarly, a 5°ϫ 5°PW value is assigned to each system, but because PW data are more complete there is no need to take the temporal maximum. Instead, the value at lag 0 is taken for IR systems starting at 0000, 0600, 1200, and 1800 UTC, and the value at Ϫ3-h lag (before the event) is taken for the systems at 0300, 0900, 1500, and 2100 UTC. Figure 3 shows the joint distribution of these environmental parameters for the Ͼ2-pixel systems of Figs. 1 and 2. PW ranges from 45 to 65 mm, whereas the absolute value of relative vorticity has a long tail to large values, which have been truncated to the plotted range, thus accounting for the maximum in contoured density at the right-hand edge of the plot. A few subpopulations are defined in Fig. 3 : weak rotation with vorticity smaller than 20 ϫ 10 Ϫ6 s
Ϫ1
, subdivided into humid and dry with a PW threshold of 57 mm; moderate rotation systems extending to 40 ϫ 10 Ϫ6 s
; and tropical cyclones (TCs) above that. These particular choices were selected for this paper after extensive experimentation. Circles are centered on the system location at initiation and indicate the mean size of the systems. These are all systems in about 1 yr of data that were more than half over water (as defined by the PW data availability mask) at initiation time.
Results
The basic results of this composite construction exercise are shown in Fig. 4 for the weak rotation cases defined in Fig. 3 . IR composites (top row) confirm that cold temperatures appear sharply at lag 0 (third column), then decay more diffusely as spreading anvils expand outward from convection. The central cold cloud appearance happens in a broader context of enhanced warmer-topped cloudiness (e.g., at early lags, and out to several hundreds of km). The systems move westward on average. PW (second row) peaks earlier than cold cloudiness and, like the IR field, indicates a broader context of elevated moisture, especially in the east-west direction. PW decreases more steeply in the poleward direction (upward on the page). Little spatial offset is seen between the PW and IR central maxima.
Divergence perturbation fields (third row) show surface wind convergence leading the PW increase and IR decrease by many hours. These are perturbations in the sense that a constant mean offset has been subtracted, equal to the larger-scale (10°ϫ 10°, 48-h average) convergence. Offsets are listed in the figure captions, and full values are shown in the time series in Fig. 8 . Near lag 0, the sign of these mesoscale perturbations at the origin switches abruptly to positive (divergence) as downdrafts develop. This evolution is consistent with that found in Doppler radar and other field data (Mapes et al. 2006 ). Enhanced convergence is seen in a ring around the divergence at lag ϩ3 as spreading cold pools generated by rain evaporation produce low-level lifting at gust fronts along their perimeter.
With the smooth baseline established by Fig. 4 , we FIG. 4 . Composite fields near all 10 393 cloud systems in weak rotation (see Fig. 3 ), from (left) Ϫ6 h to (right) ϩ9 h with respect to initial cold cloud appearance. Colors show 10°ϫ 10°patches of (top) cloud-top temperature, (middle) PW, and (bottom) surface wind divergence (a constant value of Ϫ2.71 ϫ 10 Ϫ6 s
Ϫ1
, the space-time mean over the 2-day 10°composite domain, has been subtracted everywhere). Note that the PW and wind data at Ϫ6-, 0-, and ϩ6-h lags are independent of those at Ϫ3-, 3-, and 9-h lags, so the time continuity of the pattern evolution is an indicator of statistical robustness. After masking for scatterometer data availability, divergence arrays have a maximum of 1565 samples. PW masking leaves a maximum of 4814 samples; IR masking leaves 10 326. Black squares indicate the 5°averaging area for Fig. 8.   FIG. 3 . 2D histogram (contours; linear interval) of the 13 206 cold cloud systems from Fig. 1 . Number density is shown as a function of (horizontal axis) the temporal maximum within the 2-day composite window of the absolute value of system-centered 5°ϫ 5°average relative vorticity vs (vertical axis) column PW averaged over the same 5°ϫ 5°square at the system's initial time. Lines demarcate the subsamples for which composites are made. All systems with vorticity exceeding 45 units have been depicted at 45.
can now look for differences based on the humidity and rotation criteria of Fig. 3 . Figure 5 shows the moderate rotation cases. IR and PW composites show these systems to be on average spatially larger, colder-topped, and moister than weak rotation cases, although they do not seem to be in a qualitatively different class. The divergence perturbations (and other fields) in this case are expected to have about twice as much random noise as Fig. 4 because this set includes about 4 times fewer cases. Nonetheless, the main mesoscale signal is still clear, with a roughly 2°-4°s cale convergence prevailing at negative lags. Downdraft-driven divergence is hard to discern in the noise, although the intense convergence does seem to weaken unambiguously. Absolute vorticity is now shown (fourth row), and it can be seen that the convergence at negative lags appears to spin up cyclonic vorticity (positive; recall that southern data have been flipped). Relative vorticity values are strong enough to create closed contours against the background planetary vorticity gradient. One big difference between Figs. 4 and 5 is that in Fig. 5 the large-scale (again, 10°and 48-h) mean convergence is about twice as strong (see values in captions). The TC composite (not shown) continues these trends from Fig. 4 to Fig. 5 , but results are noisier because of smaller sample size and probably worse raincontaminated wind vectors, so downdraft divergence signatures are even harder to discern.
A purely thermodynamic view of convection might suggest that the differences between weak and moderate rotation seen above perhaps really reflect PW differences, to which rotation bears some (weak) relationship (Fig. 3) . It might also seem reasonable (and was a working hypothesis at one stage of this study) that PW would have a discernable control on downdrafts and surface divergence, a feedback thought to be important to "tropical cyclogenesis from a preexisting MCS" (Bister and Emanuel 1997) . To check these possibilities, the humid subset composite is shown in Fig. 6 . PW values are greater by construction in this case, but the divergence features are quite similar to Fig. 4 . The main difference seems to be that more humid conditions are associated with larger and stronger MCSs. Likewise, the complementary dry composite (not shown) fails to exhibit notably stronger downdrafts, even relative to its (weaker) updrafts, as will be shown in the time series plots below.
To explore the other extreme-small weak systems (at least within the limitations of 210 K thresholding in 0.5°IR data)- Fig. 7 was created from about 10 000 systems consisting of a single cold cloud pixel at a single instant (these were excluded from Figs. 1-4) . These Fig. 4 , but for the moderate rotation subset (see Fig. 3 ) with 2483 systems. The composite mean convergence offset subtracted here is twice as great as in Fig. 4 , Ϫ5.61 ϫ 10 Ϫ6 s
FIG. 5. As in

Ϫ1
. An absolute vorticity composite is included in the fourth row, in which SH vorticity has had its sign and latitudinal axis flipped. Masking leaves a maximum of 432 samples in wind, 1191 in PW, and 2450 in IR data.
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were screened for weak rotation using the same criterion to exclude the one-pixel flare-ups that occur even in the TC category (the joint distribution of vorticity and PW around these one-pixel systems, not shown, looks very much like Fig. 3 ). Aside from the weak IR signature (by construction), Fig. 7 shows no qualitative differences from Fig. 4 , so in terms of this paper it serves mainly as an additional comforting check on the robustness of the composite. To average away noise and avoid perceptual ambiguities, time series data from a centered 5°box (squares on divergence panels in Figs. 4-7) are presented in Fig.  8 . IR evolution (Fig. 8a) shows a steep drop and more gradual recovery that is almost the same for all categories of system, except for a constant offset. The ramping up and down of PW (Fig. 8b) likewise has similar magnitude and time scale in all cases, against offset background values ranging from about 52 (for dry cases) to 58 (humid). The rotating systems tend to lie at the high end of PW, but they fall in between the dry and humid categories with weak rotation.
The convergence-divergence couplet in time (Fig.  8c) is of detectably larger amplitude for the bigger stronger systems but otherwise is remarkably similar across all subpopulations. The most evident difference in this 5°scale divergence is simply a time-invariant FIG. 7 . As in Fig. 4 , but for 9664 one-pixel cloud systems in weak rotation. The mean divergence offset subtracted here is Ϫ2.76 ϫ 10 Ϫ6 s
Ϫ1
. Masking leaves a maximum of 1343 samples in wind, 4400 in PW, and 9604 in IR data. by the convergence-divergence couplet in time. A net decrease across the 48-h time window, debatably discernable in the noise of Fig. 9 , might reflect a weak rectified spindown effect of friction acting against the temporarily enhanced vorticity.
Summary and discussion
This pilot study of scatterometer wind kinematics and PW around IR-observed maritime tropical MCS development reveals that with current data characteristics, a mean MCS life cycle can be robustly defined and depicted when hundreds of cases or more are averaged. The representativeness of these compositeshow much any given case resembles its group-is harder to assess. Since many more years of data are available, these mean pictures could be improved considerably, especially if higher-resolution IR data were used to define the life cycle and associated composite space in a more refined manner. With more data, some FIG. 9 . Normalized versions of time series in Fig. 8. systematic deviations from the quasi-universal evolution seen here might be unambiguously detectable. Data from other longitudes are also available to expand the sample, although longitude dependence of MCS characteristics (due to surface temperature, convecting region configuration, or other factors) might make global pooling inappropriate. Other satellite-observed fields could also be fruitfully brought into such an analysis (e.g., microwave estimates of cloud and rain, layered humidity, sea surface temperature, etc.). Atmospheric analyses also appear to have realistic signals on this scale that can be teased out through composite averaging (Yuan and Hartmann 2008) .
The MCS life cycle seen here is familiar from field measurements, and the gross characteristic space-time scales are comparable to those estimated by Ricciardulli and Sardeshmukh (2002) using IR data alone. Perhaps the most surprising aspect is how universal the evolution in Fig. 9 appears for all cases other than the noisy TC category. Although the mean MCS size and lifetime seen here are near the resolution of the data used, such mesoscales are seen even in data of much finer resolution, down to the 5-min point data analyzed in Mapes et al. (2006) , for example.
What sets these characteristic MCS time and space scales? Diurnal sunlight variations have about the right period, but maritime MCSs occur at all hours of day so it is hard to argue that this solar clock is crucial. The spatial scales fall between the depth of the troposphere and Rossby or frictional deformation radii, so a simple adiabatic dynamical scaling does not seem to be sufficient explanation. More diabatic mesoscales might include microphysical scales (like the distance particles travel before falling out), or a boundary layer cold pool recovery distance (a length scale because bulk surface fluxes and distance traveled are both proportional to wind speed). Outer scales involving gravity wave escape are another likely candidate, but velocity scales, like wave speed, fail to explain either space or time scales, only the ratio.
The discussion of Houze (2004) explains that the MCS lifetime is governed by a shifting balance between rates of new convective cell growth and decay of older cloud masses. In other words, the MCS time scale might be usefully described as some number N times some unit convective cell lifetime, where N is neither small nor simple to estimate. Perhaps this N could be cast in terms of probabilities of new cell growth, based on the "ingredients" of convection forecasting: instability, moisture, and lift. But in the complex array of local settings within and around an evolving MCS, these ingredients are beyond measurement and even beyond clean definition (as would be required to measure them in models). Neither case studies nor gross averages like those in this paper quite suffice to illuminate the statistical mechanics (or multicellular "biology") of MCSs.
One hopeful aspect of MCS near-universality could be that mesoscale-resolving rather than fully cellresolving grids might capture enough key dynamics to be usefully accurate for some large-scale purposes. For example, Inoue et al. (2008) show that cloud clusters from global explicit-convection simulations with 3.5-and 7-km icosahedral meshes are realistic in many respects.
One motivation for this study was to develop the case for a satellite that might measure the fields used here, with sufficient accuracy and resolution to depict MCSs, with ϳ100-min time sampling (the time for a satellite to orbit the earth's equatorial belt). Such an orbital strategy will be attempted soon by the French-Indian Megha-Tropiques satellite (http://meghatropiques. ipsl.polytechnique.fr), with passive microwave instruments. A next-generation scatterometer in such an orbit could also measure surface winds without rain contamination-indeed, jointly retrieved with the rain rate-at finer spatial resolution than used in this paper, in all weather conditions. Passive microwave channels could be piggybacked using a shared antenna, motivating our inclusion of PW in this study. Might such a satellite, viewing the evolution of thousands of MCSs in enough detail to cover the statistical middle ground between limited field case studies and the gross averaging necessary with current satellites, spur a breakthrough in understanding the poorly understood mechanisms governing the oceanic MCS life cycle?
The realizations derive from a Bayesian hierarchical model (BHM) for the surface vector wind "process" (in random-variable language), as described in Wikle et al. (2001) .
The posterior distribution of the tropical surface vector wind process is conditioned upon the available observations from the QuikSCAT scatterometer and surface wind field analyses from the National Centers for Environmental Prediction (NCEP) Final Analyses (FNL) product. The scatterometer data are only intermittently available, but when present they dominate the data stage and therefore the posterior distributions in the BHM (i.e., the BHM "output"). In addition, the scatterometer data influence can persist to times when swath data are not available (e.g., see Wikle et al. 2001 ).
The process model stage of the BHM is comprised of (i) propagating modes of the equatorial shallow-water ␤-plane equations and (ii) a turbulence closure model implemented via multiresolution wavelet bases (Wikle et al. 2001) . Realizations of the surface vector wind field from estimates of the posterior distribution maximize consistency with the physics of the process model and the uncertainties of the observations and other inputs. The kinetic energy versus spatial wavenumber spectral properties of the QuikSCAT observations are preserved in each realization.
A goal of the BHM for tropical winds was to create realistic high-wavenumber variability in the temporal and spatial gaps between scatterometer observations, such that spectral properties of the wind field estimates would be uniform in this regard. This is essential for applications like forcing ocean models, but it can be a hazard to interpretations of the wind field and its derivatives, as we intend here. We took several steps to insure that scatterometer observations, and not synthetic variability, are the source of the results to be presented here. First, we use the ensemble mean wind (i.e., the average over all 50 realizations provided in the dataset). Randomly generated high-wavenumber variability in temporal and spatial gaps will cancel in this averaging while the observed high-wavenumber variability within the scatterometer swath persists.
To further eliminate the possibility of synthetic structure affecting results, a swath mask was created by excluding regions in which the squared difference between the ensemble mean and a single realization was large. Spatial smoothing of this squared difference test field excluded edge points too, thus defining a conservative mask. Mesoscale structure results using unmasked data (not shown in this paper) differ mainly in being of weaker magnitude: apparently, admitting regions without scatterometer observations serves mainly to dilute the signals derived from the swath regions.
Scatterometer wind retrievals are susceptible to rain contamination. Appropriate flagging of rain-contaminated wind vector cells is an active area of research. Rain-contaminated wind retrievals that escape flagging procedures are sometimes identifiable by eye as "not meteorologically correct," although in convective weather the winds might indeed be gusty and variable, so we did nothing to remove suspicious vectors from the wind fields used here. Basing our analyses on vorticity and divergence minimizes the impact. The divergence and Stokes theorems guarantee that wind error that might occur in the rainy central region of the composite domains cannot spoil the area-averaged values used here. Derivatives of rain-contaminated wind vectors result in dipole patterns that cancel out (due to spatial offsets) and thus diminish with averaging. Winds were differentiated by simple three-point centered differencing to yield divergence and vorticity; these are the fields which were actually masked and averaged.
